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Introduction
Despite higher factor prices for land and labor economic activity is spatially concentrated 1 .
But what exactly makes agglomerations more attractive than sparsely populated regions?
More than a hundred years ago, Alfred Marshall (1890) described three motives, why firms locate close to each other: the proximity to their suppliers, a specialized local labor market and the presence of knowledge spillovers. Until today, regional scientists are concerned with a thorough examination of these agglomeration forces. Over the last three decades researchers have developed different microeconomic foundations for Marshall's anecdotal evidence 2 . Yet, concerning the empirical evidence, Glaeser and Gottlieb (2009: 985) note that "the field has still not reached a consensus on the relative importance of different sources of agglomeration economies". The few studies that are concerned with the assessment of their relative importance differ largely in the dependent variable at use. Puga (2010: 204) argues that productivity is the "most direct approach" in order to capture agglomeration economies. In fact, examining employment growth or concentration may suggest that Marshall's forces are beneficial to firms 3 . However, unlike total factor productivity (TFP), these approaches are silent about the exact nature of the benefit 4 .
The present study sets itself apart from the preceding literature along three dimensions.
It is the first study that quantifies the relative importance of different microeconomic agglomeration mechanisms according to their impact on TFP. To this end, TFP is estimated from plant level production functions and proxies for labor pooling, input relations and knowledge spillovers are constructed, following closely the predictions from theoretical models. The second point is methodological: I discuss, how different estimation strategies for TFP influence the resulting agglomeration economies. Thirdly, I show how the range of industries and the modifiable areal unit problem (MAUP) influences the results. The MAUP refers to the trouble that aggregate values in any spatial analysis can be artifacts from the accidental delineation of its boundaries. Using these methods, the present paper also adds to the ongoing debate about whether localization or urbanization economies are beneficial to firms (Beaudry and Schiffauerova 2009) .
Discriminating between different forces is complicated due to their 'Marshallian equivalence' (Duranton and Puga 2004) . That is, most theoretical models on agglomeration mechanisms share the prediction that the benefits grow in the number of workers or firms.
Indeed, earlier contributions have used the size (Sveikauskas 1975) or density of areas (Ciccone and Hall 1996) as proxies, leaving open how the agglomeration benefits are actually transmitted to firms. That is why, I collect unique features in micro-founded models and 1 For evidence from elaborated concentration indices see Duranton and Overman (2005) for the UK and Koh and Riedel (2009) for Germany.
2 Duranton and Puga (2004) provide a comprehensive survey of this literature. 3 In this context Cingano and Schivardi (2004) compare regressions with TFP growth and employment growth as the dependent variable. They find positive coefficients for the size and specialization of a region in TFP growth regressions but the opposite result with employment growth.
4 Of course, firms base their location choice on expected profits rather than on expected productivity. Therefore besides TFP differences cost advantages or higher demand in agglomerations may coexist, but these influences are much harder to trace than TFP.
combine several data sets to construct proxy variables at the county level (NUTS 3 level).
As argued above, TFP is the most direct and telling indicator to measure agglomeration advantages at the firm level. Presumably due to data constraints, only a small fraction of studies draws inference from TFP 5 . Besides, its estimation is quite complex, as the sizable literature on this topic documents, see e.g. Ackerberg et al. (2007) . I account for the correlation of input choices with current productivity levels using the Olley and Pakes (1996) (OP henceforth) procedure. Due to this simultaneity the plant's TFP affects the input choice, which translates into biased coefficients and a biased TFP estimate.
Furthermore, I correct for unobserved output prices as proposed in Klette and Griliches (1996) , which allows one to separate true productivity from demand side effects. Having revenues instead of real output as the dependent variable in the production function means that plant's prices appear in the equation. Without the adjustment the price remains in the residual and is thus erroneously contained in the TFP measure. It will be shown that the estimation technique makes a difference with regard to the significance level and magnitude of agglomeration mechanisms. So far, only De Loecker (2011), Del Gatto et al. (2008) and Muendler (2007) have corrected jointly for the simultaneity bias and the omitted price bias, but none of them has taken the TFP estimates into a regional analysis. To this end the procedure is modified to accommodate the influence of agglomeration variables on TFP and an additional selection bias, as originally proposed by OP.
To overview the integration of the present paper in the literature, existing studies on agglomeration economies can be classified in two categories. Those that analyze TFP and those that aim at the discrimination between agglomeration forces. The majority in the first category, e.g. Henderson (2003) , Combes et al. (2010) , Martin et al. (2011) , look at measures of concentration and urbanization economies but not at distinct agglomeration mechanisms. Yet, with more refined TFP measures, an elaborate robustness analysis and the look at another country the present study contributes to this ongoing research.
Section 5.5 discusses my findings in the light of the prior results. There is one exception which relates several agglomeration mechanisms to TFP. Greenstone et al. (2010) provide evidence that labor market pooling and knowledge spillovers separately generate externalities, however they fail to do so in a multivariate setting. Of course, just in the latter case can we compare their relevance. Another distinction to their study are the location specific agglomeration proxies used here and the inclusion of non-manufacturing sectors, as is rarely the case. Rigby and Essletzbichler (2002) and Baldwin et al. (2010) are studies in the second category, who find that all three Marshallian forces simultaneously have a positive effect on labor productivity. Still, these studies do not compare their magnitude and as will be clear below, I argue that labor productivity is not a particularly reliable measure. Their measure for input-output relations is very similar to the one I use, but their remaining two agglomeration proxies are less specific. Then again, Baldwin et al. (2010) are more careful about regional fixed effects and reverse causality. Ellison et al. (2010) study the co-agglomeration of similar industries and also reveal that all three Marshallian forces exert positive influence, with input-output relations being the most important.
Using establishment and employment level data from the Institute for Employment
Research (IAB) from 2000 to 2007, I find that in univariate regressions all agglomeration mechanism variables have the expected sign and statistical significance. However, some variables' significance vanishes in multivariate regressions. Still, labor pooling, captured trough the correlation of the occupational composition between one county-industry and the rest of the county, has the highest and most significant impact on plant productivity.
Besides, two knowledge spillover mechanisms, transmitted via job changes and public R&D funding, positively affect plant TFP. The poor performance of input linkages may be due to the lack of detailed information about the flow of intermediate goods. In both multivariate and univariate regressions the agglomeration externalities tend to be more significant and higher in magnitude, when the omitted price and endogeneity bias are accounted for.
On the one hand, it confirms the theoretical (Melitz 2003) and empirical (Foster et al. 2008) finding that highly productive establishments set lower prices. This, on the other hand, stresses the importance of separating price effects from true productivity. The robustness of these results is evaluated by controlling for the type of county and varying the range of industries. Then, the spatial unit of the entire analysis is changed from counties to larger labor market regions in order to assess the MAUP and the geographic scope of the externalities. Furthermore, I construct four additional productivity measures: labor productivity, TFP estimated from value added instead of revenue based production functions, and TFP resulting from the Levinsohn and Petrin (2003) and the Ackerberg et al.
(2006) estimation procedure, as alternatives to the OP model. The comparison suggests that especially labor productivity is an imprecise measure, which is likely to overestimate the size and significance of agglomeration economies. In a nutshell, the key findings remain valid under these extensions.
Concerning the discussion about externalities from the local industrial environment, no significant sign is found for a diversified industrial structure, as suggested by Jane Jacobs (1969) . Only when the size of the spatial units is broadened, diversity has a small but significant impact. Throughout, the data shows that localization proxies are beneficial to plant's productivity and average productivity is higher by about 0.2%, when the employment size of a county is increased by 10%. This result is within the range of previous studies from other countries that also draw inference from TFP, e.g. Henderson (2003) and Combes et al. (2010) .
The remainder of the paper is organized as follows. The next section lays out the TFP estimation strategy. Section 3 describes the data and the construction of the agglomeration variables. Estimation results are presented in section 4. Section 5 provides extensive robustness checks and a discussion of the findings with respect to the urbanization and localization debate. Section 6 concludes the paper.
TFP estimation

Estimation difficulties
Before presenting the estimation strategy used in the paper, this section reviews some of the difficulties in estimating production functions. Subsequently, I describe, how they are incorporated in order to obtain a consistent productivity measure. The conventional starting point is the Cobb-Douglas technology in logarithmic form
where y jt is output of firm 6 j in period t, α x with x = {k, l, m} is the production elasticity of capital, labor and intermediate inputs, and u p jt is an unobserved i.i.d. shock to production. The term z jt represents controls in the production function, which are a dummy variable for firms located in West Germany, industry fixed effects and the firm's share of high skilled workers. Total factor productivity a jt can be split up in two terms: a jt = β 0 + ω jt . The first one, β 0 , can be interpreted as common stock of technology or an efficiency level shared by all firms. ω jt is the firm specific part of TFP 7 , being unobserved by the researcher but known to firm.
Two well known problems plague the estimation of production functions: the transmission bias and the omitted price bias. The first problem arises, because the current productivity level influences the decision about optimal input usage 8 . Klette and Griliches (1996) prove that the direction of the transmission bias is strictly positive. Thus when adjusting for this bias, we expect lower scale elasticity estimates α x . Several strategies have been proposed to overcome this problem 9 . Probably the most prominent is the control function approach in Olley and Pakes (1996) . Its basic idea is that firm's productivity also influences other decisions, for example investments i jt , i.e. i jt (ω jt ). Inversion of this function allows us to replace the unknown ω jt from the production function. I also discuss the results from other estimation strategies in the robustness section, but OP turned out to be the most appropriate and reliable.
The omitted price bias arises due to the fact that in theory the LHS variable in the production function is output measured in quantities. Unfortunately, there are only few data sets, where this information is given. Usually firms report their output in monetary units, which means that the firm's log price p jt has to be added to both sides of equation (1). Prior studies have typically proxied p jt by an industry level deflator or have completely ignored the problem. If firm prices were to depart systematically from the average price level of the industry, regression coefficients will be biased. Theoretical models featuring firm heterogeneity, like Melitz (2003) , tell us, that the most productive firms set below average 6 Even though the study is based on establishment specific data I use the term 'firm' interchangeably. 7 Henceforth the terms TFP and likewise productivity only refer to this firm specific part ωjt, unless explicitly stated.
8 Deriving optimal input demand functions from (1) shows their dependence on productivity. 9 cf. Ackerberg et al. (2007) or Eberhardt and Helmers (2010) for a comprehensive survey.
prices, sell above average quantities and consequently use more of the production factors.
Hence downward biased regression coefficients can be expected from estimation of equation
(1) 10 . Foster et al. (2008) make use of a dataset with information on output in physical quantities and revenues, confirming that revenue based productivity estimates embody price variation. Consequently, inference from revenue based and physical productivity estimates is different. When presenting the estimation results, I will also discuss the outcomes without adjustments for the endogeneity and omitted price bias.
Identification strategy
This section outlines how the two presented biases are taken into account, in order to derive consistent TFP estimates. First, I make use of a specific demand system to tackle the omitted price bias. Then, a model of industry dynamics is introduced, which allows to implement the control function for unobserved TFP. Only De Loecker (2011), Del Gatto et al. (2008) and Muendler (2007) have already applied a combination of these two estimation procedures from Klette and Griliches (1996) and OP. I also control for an additional selection bias, as proposed in the original OP framework, but not adopted by the above cited studies. The main novelty here is the application to regional data and consequently allowing the productivity variable to be influenced by some agglomeration variables G c .
This has consequences for the inversion of the control function and the survival probability used to control for the selection bias.
The production function with output in terms of log revenue r jt in fact is given by
To replace unobserved firm level prices p jt , I rely on the CES demand function from the Dixit and Stiglitz (1977) framework 11 . Using r It = p It + q It , its logarithmic form is
where firm level demand q jt depends negatively on the firm's own price and positively on an aggregate demand shifter q It and an aggregate price index p It . σ is the constant elasticity of demand and u d jt are i.i.d. demand shocks. When it comes to the empirical implementation, the question is, which is the corresponding market to q It , p It ? Two arguments suggest that the industry segment of the national market is the most suitable approximation: (1) Given that the majority of exporting firms generate only a small percentage of their revenues abroad (Fryges and Wagner 2010) , for most firms the national market is what matters.
(2) Economic conditions on input and sales markets in all sectors implausibly follow the same development over time. So taking one and the same price index and demand shifter for all firms, seems a rather crude proxy. To make the distinction between sectors clear, p It , q It and σ get the superscript 's' henceforth. Combining demand side information from (3) with the production function in (2) yields
Both i.i.d. shocks u d jt and u p jt are combined in u jt . Estimating this production function with deflated revenues as the dependent variable circumvents the omitted price bias, while it also provides an estimate for the demand elasticity in industry s as a byproduct. Note that productivity a jt ≡ β 0 + ω jt = ( Now, ω jt is the only remaining unobserved factor hindering consistent estimation of the production function. Olley and Pakes (1996) introduce a model of firm behavior, which is described in more detail in Appendix A. Importantly, the model yields an investment
Given that i jt is monotonic in ω jt and the regional factors are known exogenous state variables, inversion gives ω jt = h t (k jt , i jt , G c t ). The upper panel in figure A .1 in the Appendix confirms the latter assumption graphically.
Replacing unobserved productivity in the production function in equation (4) by the control function h t (·) gives
is approximated by a second order polynomial. Due to multicollinearity problems α k has to be estimated in a second stage. Its identification is based on the moment condition E[ξ jt |k jt ] = 0 derived from the assumption that firm's productivity follows an first order Markov process and ξ jt is its exogenous innovation shock. Finally log composite TFP is residually collected from inventory method according to Müller (2008) .
Data
Plant and industry level data
As was made clear from the description of the estimation strategy above, the production function is combined with a specific demand system in order to replace unobserved plant prices by aggregate demand shifters and price indices. Since I have assumed that the relevant market is industry specific, aggregate revenues are an appropriate demand shifter.
The necessary data is taken from the Federal Statistical Office. 
Regional data
Agglomeration economies result from some kind of transport cost saving (Ellison et al. 2010 ). Naturally, we would expect their strength to decay with distance. However, the spatial spread of influence may differ across the agglomeration channels. For example, a labor market advantage, based on the mobility of workers, is likely to extend over a larger geographical area than knowledge spillovers created through the incidental meeting of workers. I opted to take counties (the NUTS 3 level) as spatial units. In order to investigate the spatial decay and whether the choice of spatial units are decisive for the results, in the robustness section the analysis is repeated at the level of larger labor market regions. In 2007, Germany was divided into 423 counties 12 . Most of the information to construct agglomeration variables is taken from other data sources (as detailed below) and is then matched into the IABB via the industry and county identifiers.
Urbanization and localization
The FSO provides the square footage and the number of employees in each county for the 22 industries examined in this study. Furthermore, the total employment level in each county is taken from the Federal Employment Agency (BA). Based on this information the urbanization and localization variables are constructed as follows. Localization economies (or interchangeably specialization economies) are captured through the employment share of industry s in county c:
. Beaudry and Schiffauerova (2009) advocate to investigate, whether the absolute or the relative size of an industry is more important, which is why I also experiment with the employment level in a county-industry.
The urbanization hypothesis, often associated with the work of Jacobs (1969) , predicts that a diverse industrial environment will foster productivity of all firms in that region.
The construction of a diversity measure is not straightforward. Henderson (2003) used a 12 All districts that have undergone changes between 2000 and 2007 are aggregated, so that the area is consistent throughout these year. This is the case for districts in Saxony, the city of Hannover and Berlin.
comparison between the industrial structure of a county c and the whole country
where E s is total employment in industry s and E = E s is the total of workers in Germany 13 . If the employment shares of all industries s in a county mirror the national employment shares, this measure takes on the value of zero. In this case county c possesses the maximum diversity. In fact, jacobs1 measures the lack of diversity, hence the urbanization hypothesis predicts a negative coefficient. A second inverse measure of diversity (jacobs2) used is the employment share of the three largest industries in a county 14 . For comparisons with earlier studies, e.g. Combes et al. (2010) and Ciccone and Hall (1996) , the log density and the log size (in terms of employment) of a region will also be employed in the productivity analysis.
Even though all of these regional variables capture agglomeration economies, they do not provide us with a notion of how productivity benefits are actually transmitted to plants. Duranton and Puga (2004) survey a wide range of models which provide different microeconomic foundations of agglomeration economics. All of them share the same prediction: large locations are beneficial to plants. The current challenge for empirical work is to discriminate between them. Since most of the models are based on two types of labor and only one or two sectors, some interpretation is necessary for the empirical implementation. Yet, I tried to align the variables' construction as closely as possible to the underlying theory. In the center of attention of this investigation are the following microeconomic mechanisms, classified according to the famous three Marshallian labels.
Input-relations
In models with an intermediate goods sector, e.g. Ethier (1982) , Abdel-Rahman and Fujita (1990) , the production function of firms in the final goods sector exhibits external returns to scale in the number of intermediate goods producers. These models typically assume that assembling firms use all available intermediate goods. When we take this prediction to the empirical inquiry, we may want to be more realistic. In fact, some industries are heavily dependent on inputs from another industry or even from their own industry, while other sectors hardly exchange goods. Usually researchers have looked at both input and output linkages. In order to stick as close as possible to the underlying theory, only input flows are considered here. Introducing trade costs, as e.g. in Venables (1996) , implies higher demand for local intermediate goods and in turn a higher contribution to the productivity of their local customers. For simplicity this investigation disregards interactions with neighboring 13 Note that all terms in the construction of jacobs1 c vary by time, but are not explicitly denoted by a subscript t to save on notation. This applies also in the construction of the following agglomeration variables.
14 Glaeser et al. (1992) have used the share of the five largest industries in a city to capture Jacobs economies. Note that in the construction of jacobs2 only the 22 sectors considered in this investigation form the total county employment. This explains its large mean of 0.58, cf. According to the theory outlined above, this means that the measure for input-externalities rises in the relative size and the relative weight of the supplying sectors.
Labor market pooling
Coles and Smith (1998) provide a microeconomic foundation for labor market pooling.
Their model is based on a frictionless labor market, where firms post their vacancies and unmatched workers apply for all of these posts. This framework generates a matching function with increasing returns to scale in both the number of firms and workers. That means, a larger market provides more opportunities to find suitable matches and thus expected productivity is higher. For the empirical realization I compute the correlation between occupations in the industry under scrutiny and all remaining occupations in a county 16 . This construction presumes that all firms from the same industry in a county have a common composition of staff. The closer the industry profile is to the composition of the local labor market, the less effort firms from that industry have in finding suitable employees. In this manner the variable is close to the original writing of Marshall (1890: 271) : "a localized industry gains great advantage from the fact that it offers a constant market for skill. Employers are apt to resort to any place where they are likely to find a good choice of workers with special skill which they require". The information about worker's occupations per county is provided in the BA Employment Panel (BAP) 17 . The BAP is a sample of all 15 Note that the normalization for the supplier measure is done with the amount of inputs from all industries. Ellison et al. (2010) use a similar measure for input-relations, but their coagglomeration variables are industry specific. Rigby and Essletzbichler (2002) take both input and output linkages and weight them by location coefficients.
16 Conceptually similar variables are used in Ellison et al. (2010) , Baldwin et al. (2010) and Rigby and Essletzbichler (2002) , however without location specific information about the distribution of occupations, as is the case here.
17 The construction is based on the anonymized version of the 3-digit occupational classification of the German Federal Employment Agency, which lists 282 different occupations.
employees subject to social security in Germany. It contains quarterly information about the occupation, education level, working place among others.
Another implementation of a labor pooling measure from Coles and Smith (1998) is to look at the average number of vacancies in each county. In order to get a better grip on the element of suitable worker qualifications, the variable only considers the vacancies for high skilled staff.
Knowledge spillovers
For the same reason as above, I will try three different proxies for knowledge spillovers.
There is no unified framework to model agglomeration economies, and hence there is neither a priori reason nor enough empirical evidence to believe that one mechanism is more suitable than another. That is why I believe, it is interesting to compare several candidates.
Constructing a measure of knowledge spillovers according to a theoretical model is not trivial. Firstly, because there are few contributions that explicitly model a microeconomic channel, and secondly, because it is challenging to detect knowledge spillovers in a dataset.
Something that is empirically traceable are job changes. When a worker leaves a plant he takes all his knowledge with him and his new employer might benefit from his experience or from new ideas that this worker brings into the plant. Based on this story Fosfuri and Rønde (2004) The third measure is also an indicator for the innovativeness of a region. The Federal Ministry of Education and Research (BMBF) grants funding to companies, institutions or universities for research in areas that the BMBF regards as a source of growth. In other words the BMBF expects these projects to generate spillovers. The employed proxy is the amount of funding per year and county (in million Euros).
As argued above, despite having the same label 'knowledge spillovers' the mechanism between job changes and the patents / R&D funds variables is distinct. For this reason these proxies are unlikely to be collinear and I will use them simultaneously in regressions.
The correlation coefficients between the agglomeration mechanism variables and between the industrial environment variables shown in the Appendix in tables C.1 and C.2, respectively, confirm this. Table 1 presents summary statistics for all the agglomeration variables described above. Concerning endogeneity of these agglomeration variables, I am more confident with the job changes than with the other two spillover measures. It might be the case that the number of patent applications are correlated with productivity, simply because high productivity plants hire a more innovative personnel than low productivity plants. Alike, high productivity plants might be more successful in acquiring public funds than their competitors. Then these measures would just indicate, where high productivity plants are located, but would not imply the presence of knowledge spillovers. With regard to input linkages and labor market pooling I am carefully optimistic that endogeneity does not drive the results here. Firstly, because reasoning like above appears implausible in these cases. Secondly, Ellison et al. (2010) use a sophisticated set of instruments for similar agglomeration proxies and find their initial OLS results to be fairly stable. Similarly, even instrumenting employment density in Ciccone and Hall (1996) or in Combes et al. (2010) reinforced its prior OLS coefficients. The distinction between the first and the second column is, that I have accounted for the positive correlation between inputs and productivity. Just as predicted by theory, we see lower scale elasticities for capital, labor and materials, but still the sum of these coefficients indicate the presence of increasing returns to scale.
Results
Production functions results
In estimating the production function according to Klette and Griliches (1996) , I found that the year-industry specific term (r s It − p s It ) did not exhibit enough temporal variation to identify industry specific demand elasticities in the presence of industry fixed effects.
For this reason, I opted to keep the industry fixed effects and constrain the demand elasticity to be equal in all industries. In the KG case this elasticity across all industries is estimated to 5.58. Recall that through the combination of production and demand side, the original coefficients are reduced form parameters. After rescaling by σ σ−1 (in column 4) all scale estimates are higher than in the prior models and the production function exhibits substantial returns to scale.
Combining this KG specification with the OP procedure, again I find lower scale estimates due to the correction of the transmission bias. Here, the demand elasticity is 5.84.
I have also estimated the same equation with industry specific demand elasticities and find their range to be quite narrow 21 . The highest demand elasticities are in 'wholesale and retail trade' (6.84), in 'food, beverages and tobacco' (6.54) and in 'transport, storage and communication ' (6.43) . The industries least sensitive to price differences are 'wood products' (5.41), 'other transport equipment' (5.43) and 'precision and optical instruments' (5.50). The latter industries tend to produce less standardized products than the three industries with the highest demand elasticities, so this finding accords with our intuition.
To wrap up, all estimated parameters are quite plausible. Scale estimates are positive, significant and sum to somewhat more than unity. Also as expected, the west-dummy is highly significant and indicates that establishments in West Germany generate around 12% higher revenues with the same amount of inputs. Considering that demand elasticities are estimated at the plant level, their range from 5.4 to 6.8 seems reasonable, too. These numbers conform to the findings of other studies, e.g. De Loecker (2011). The author even had segment specific physical output quantities available and finds demand elasticities for subsectors of the textile industry between 2.8 and 6.2 in a similar setting. Also based on a CES utility function, Hanson (2005) estimates market potential functions from county specific data for the US. He obtains demand elasticities in a range of 5 to 7.5. Table 3 presents results from regressing each of the six proxies for agglomeration mechanisms separately on each of the four basic TFP measures, obtained from the production functions described in the previous subsection. All estimations control for year and industry fixed effects. In addition, all agglomeration variables are standardized to have a zero mean and a standard deviation of one, in order to provide direct comparability of their relative impact. Here and in the following regressions standard-errors are clustered at the county-industry-year level to account for a possible intra-group correlation of plant's error components. Otherwise, standard errors are biased downwards in regressions with micro-level data and aggregated regressors (Moulton 1986 ). All variables have a positive coefficient and are comparable in size across the different TFP measures. Regarding the strength of the proxies, R&D and the occupational correlation rank on top in all versions. Meaningful differences in the significance level across columns 1-4 emerge only in the patent variable. Besides it is the only variable lacking statistical significance at the 5% level. Before going deeper into interpretations, we want to inspect multivariate regressions, because as argued above, they will provide us with more reliable insights about the relative importance and magnitude of microeconomic agglomeration channels. 
Agglomeration mechanisms results
Under this OP specification, we observe lower coefficients in table 4 for each of the six agglomeration mechanisms subsumed in G c t . Hence unobserved plant level prices are negatively correlated with G c t . On the one hand, this suggests that plants quote on average lower prices in counties characterized by (1) having a similar occupational structure to their own industry, (2) high public R&D funding and (3) a high labor turnover. Because these characteristics are also associated with higher plant TFP, this finding, on the other hand, is in line with the prediction that high productivity plants quote lower prices (Melitz 2003) .
The same interpretation holds from a comparison between the results of the OLS and the KG productivity estimate in table 4. Likewise, the former TFP measure incorporates price variation while the latter does not. 22 The different outcome here is puzzling because the construction of the input relations variable is quite similar in Ellison et al. (2010) and in Rigby and Essletzbichler (2002) , as mentioned in footnote 15. Another interesting question is, whether these agglomeration mechanisms differ between industries. Due to the demanding data requirements of this investigation, the number of observations is quite low in some of the 22 industries. Therefore, I combined industries according to their R&D intensity into four groups (compare table B.1). Table 5 contains the results from the regression of those agglomeration proxies, which exhibited a significant coefficient in the multivariate regressions, against the OP/KG productivity. High-tech industries exhibit a strong positive correlation between TFP and all agglomeration proxies.
The magnitude of their impact is generally higher than in the pooled industry case but their ranking is preserved. The same is true for plants from non-manufacturing industries.
In medium-tech sectors (column 2), no significant influence is found for either of the variables. For low-tech industries a higher labor turnover and R&D funding to companies in their county are associated with a higher productivity level. Altogether it seems there are sectoral differences, but plants across the most R&D intensive sectors, non-manufacturing industries and even low-tech sectors benefit from labor market pooling and knowledge spillovers. Table 6 displays the results from multivariate regressions using the industrial environment proxies. All covariates except for county size (E c ) are standardized to have a zero mean and a standard deviation of one. Across the four basic TFP measures the emerging picture is quite uniform. There is no sign that the industrial diversity is positively correlated with plant level TFP. Recall that for both diversity measures the theory of Jane Jacobs predicted a negative coefficient. In contrast, we see that the share of the three largest industries in a county (jacobs2) exerts a positive and significant effect on productivity. Alongside, only county size shows significant coefficients in columns 1 to 6 23 . Also standardizing this variable, for example in column 4, leads to a coefficient of 0.0163. Hence the share of the three largest industries is relatively more important. Remarkably, the two significant proxies again grow in magnitude, when the transmission bias and the omitted price bias are accounted for.
Urbanization and localization results
These multivariate regression also reveal that the share of the three largest industries dominates the effect of the share and size in plant's own industry. In univariate regressions each of these three proxies shows a positive and significant influence on the OP or OP/KG TFP measure. To check whether multicollinearity is an issue here, some covariates are dropped in columns 5 and 6. Without the industrial diversity index all coefficients remain relatively unchanged. In column 6 the dominant variable jacobs2 was excluded, leading to a much higher and more significant coefficient of the own industry employment share. These tests underline the robustness of the results, because they leave the previous conclusions unchanged: (1) A 10% increase in the size of a county is associated with a 0.2% to 0.3% higher plant level productivity. (2) The industrial specialization, either captured through the employment share of the own industry or the three largest industries in a county has a positive influence, whereas no significant effect is found for industrial diversity. 
Robustness checks
The following section presents variations in the range of industries, changes in the spatial level of aggregation, additional controls for the type of county a plant resides and finally results of different TFP estimation methods. It turns out that the key insights presented so far are fairly robust to these variations.
Manufacturing only
In order to verify that the results are not driven by the non-manufacturing industries, the same analysis is conducted without them. Both the estimation of the production function and the investigations on agglomeration economies are found to be largely unchanged. I interpret this as a sign that the concept of production functions should not be limited to the manufacturing sector, and that agglomeration forces spread over a wide industrial range. The only exception seems to be supplier linkages. This mechanism is now significant though still much smaller than labor market pooling and knowledge spillovers. Using the preferred OP/KG TFP as a showcase, the first column in table 7 and 8 contains the results for agglomeration mechanisms and industrial environment variables, respectively.
Control for city-counties
As a second robustness check, additional controls for the nature of the county are included.
In Germany some counties are made up just of one large city, others are sparsely populated but vast in space. For instance, because it is less likely for large cities than for rural areas to reach a certain degree of specialization, it might be inappropriate to pool all county types 24 . A dummy which indicates whether the county is a large city or not is added to the estimation of agglomeration economies 25 .
In table 7 the most remarkable consequence of this extension is that the R&D variable loses its significance. R&D funding exhibits by far the highest correlation (0.72) with county size (cf. table C.1). It is difficult to judge whether the assumed spillover itself is spurious, or whether the county control just outrivals its effect. An argument in favor of the second interpretation is that the induced insignificance of R&D does not always occur, as we will see in the following extension. Apart from that change the prior findings still hold. Labor market pooling and knowledge spillovers positively impact on plant's TFP.
As before, their strength and significance rises if OP/KG adjusted productivity instead of price biased TFP is examined. The same applies to the urbanization and localization variables displayed in table 8. County size and the share of the three largest industries in a county (jacobs2) boost productivity. Accordingly, this insight is robust to the control of city-counties as well as to the omission of non-manufacturing industries.
24 I thank Georg Hirthe for bringing this issue up. 25 I also experimented with nine different county type dummies classified according to the size and density of a region. However, all results were very similar to those with just the city dummy. 
Aggregation to labor market regions
Another interesting exercise is to vary the boundaries of the spatial units and retest for agglomeration economies. Drawing this analogy examines the externalities' scope. Because gains from agglomeration reside in the proximity of agents, it is natural to presume that lower agglomeration externalities are observed in larger spatial entities. Furthermore, this extension evaluates the sensitivity of the results to the modifiable areal unit problem. Eckey et al. (2006) propose a delineation of one or several counties to labor market regions (LMR) which cover the entire German territory. The delineation is based on a factor analysis of commuting patterns between counties, subject to two restrictions: the LMR has a population of at least 50.000 and commuting time must not exceed 60 minutes 26 . Due to the labor market related division, it is reasonable to expect the labor market externality to decline less than knowledge spillovers. In order to implement the robustness check, all ag- ever, the knowledge spillover transmitted via job changes is now insignificant. While the R&D related spillover seems to be unaffected by the greater distance, the influences from occupational correlation and job changes are now less significant and smaller in size, as one would have expected. This points to the conclusion, that a finer county level is more appropriate for the investigation of agglomeration economies. For the record: The modification of spatial units does not alter the agglomeration economies fundamentally. In the three robustness checks up to here, labor market pooling and at least one knowledge spillover still have been detected. Moreover, agglomeration economies are again underestimated without the OP/KG adjustment (not reported due to space constraints).
Surprisingly, the patent variable has a negative and highly significant coefficient in both LMR estimations of table 7, thus more patent applications seem to drag down productivity.
At first sight, this is contrary to the predictions in the regional science literature. However, patents also have a strategic value which is unrelated to the actual value of the invention. Columns 4 and 5 in table 8 report the results from regressing the urbanization and localization variables on OP/KG TFP. The specialization variable (jacobs2) again is highly significant. In contrast to prior estimations the employment size of a labor market region has no effect on TFP. Even though the commuting time within an LMR does not exceed one hour, this suggests that proximity is important on a rather small scale. Controlling whether a plant resides in a city or not, does not alter the results. Yet, the dummy is significant and indicates that TFP is on average almost 3% higher in city-counties. Note also that industrial diversity (jacobs1) now can not be rejected at the 5% significance level and its coefficient is negative as expected. This conforms to the observation in Beaudry and Schiffauerova (2009) in that it is more likely to detect Jacobs externalities, the larger the level of geographical aggregation.
Alternative TFP estimations
In this subsection I discuss results from four different specifications of the original OP framework: (1) the Levinsohn and Petrin (2003) estimation approach, which relies on a different control function than Olley and Pakes (1996) , (2) the Ackerberg et al. (2006) correction for the OP procedure, (3) taking value added instead of revenue based production functions, (4) using labor productivity instead of estimated TFP to identify agglomeration economies; Levinsohn and Petrin (2003) (LP, henceforth) modify the OP estimation and use intermediate input demand m jt = m t (k jt , ω jt (G c t )) instead of investment demand to control for unobserved productivity 27 . Before we assumed that productivity is the only unobserved factor in the investment demand and that the function is monotonic in productivity. Obviously, in the LP framework we have to make these two assumptions with respect to 
Plugging these functions into the production function (A.4), reveals that both equation (5) and (6) are perfectly collinear with the term φ t (k jt , i jt , G c t ), thus preventing the identification of α l and α m in the first stage. Building on the proposal in Ackerberg et al. (2006) the modified estimation algorithm relies on a different timing assumption of input choices.
Taking value added (VA) instead of revenue production functions can be seen as another response to the collinearity problem brought up by Ackerberg et al. (2006) . Of course, value added production functions sidestep part of the problem, because the perfectly variable input M does not have to be identified at all. Instead of changing the assumptions on the timing of input choices, according to Bond and Söderbom (2005) identification of perfectly variable inputs can be achieved, if the input factor encounters adjustment costs. That is also a maintainable assumption in the case of labor. Thus, either of the OP, LP or KG estimation algorithms can be performed analogous to the revenue case. Due to space constraints just the simple OP adjustment is presented. Nevertheless, this does not imply that value added is the superior measurement of production, cf. the discussion in Basu and Fernald (1997) . At last, the following tables also contain regressions with log labor productivity as dependent variable, being computed as log revenues minus log labor input.
The purpose of this exercise is to ascertain, whether a measure, which is not estimated from a production function, leads to the same inference as TFP measures.
Results for the additional TFP measures
Coefficients from the combined LP/KG and ACF/KG production functions are close to those obtained from OP/KG model in table 2. The largest deviation is given in the ACF capital coefficient which is reduced by more than 50%, casting some doubt on the accuracy of the procedure. This finding is unexpected, because the capital coefficient has already been identified in the second stage in the prior OP estimations. Having very similar coefficients in the LP/KG production function suggests that the identification of perfectly variable inputs (m jt ), was not inaccurate before 28 .
Of more importance is the question, if these productivity estimates lead to different conclusions regarding agglomeration economies? The following tables 9 and 10 display results from multivariate regressions with one of the four additional TFP measures as dependent variable and agglomeration mechanisms and industrial environment proxies, respectively, as covariates. Table 9 confirms that occupational correlation exerts the largest influence on whichever TFP measure. For the ACF, VA and LP productivity job changes and R&D funding also show a positive and significant coefficient. In sum across all productivity measures, 21 out of 24 coefficients confirm that a labor market pooling measure exerts the largest impact on plant's performance followed by R&D funding and job turnover, two knowledge spillover proxies 29 .
Taking a closer look, we see that results from the LP productivity are very similar to the preferred OP/KG estimation. Column 3 reminds us that results from revenue and value added production functions are not comparable quantitatively. The value added TFP implies that a one standard deviation increase in public R&D expenditure for innovative projects would lead to a productivity increase of 2.2%, whereas inference from a revenue based productivity measure implies a 1.4% increase. Apart from the quantitative divergence the main conclusions from the OP/KG model remain valid. So it seems that whether intermediate inputs are identified in the first or second stage or not at all, is not crucial for 28 De Loecker (2011) made the same observation in his dataset. 29 Another piece of evidence is that across all eight productivity measures presented so far the variables with the highest R 2 in univariate regressions are the occupational correlation and R&D funding. the outcome of the investigation. However, greater differences appear with labor productivity and the ACF TFP. The latter model's estimates in the first column suggest that the number of patent applications have a positive impact comparable to the public R&D funding. Equally surprising, input linkages show a negative coefficient, but as argued above, the construction of both is not optimal. In contrast to all TFP estimates, agglomeration proxies are able to explain a large part (23%) of the variation embodied in labor porductivity. That is, the agglomeration proxies catch up variation in labor productivity that plant specific differences would have explained. As a consequence, except for job changes, the labor productivity measure lends support to all agglomeration channels. Given the large qualitative differences between the models regarding input relations and patents, I will not lay stress on the findings.
Finally, table 10 displays the results from multivariate regressions employing the urbanization and localization proxies. Like in the previous section, county size and the share of the three largest sectors in a county have a highly significant and positive coefficient in all four models. The findings from the LP productivity are again almost identical to those from the OP/KG measure in column 4 of table 6. Additionally, VA and ACF TFP lend support to the own industry employment share. Yet again, the significance of all covariates except for diversity (jacobs1) and the high R 2 point out, that labor productivity embodies additional variation other than true productivity.
The bottom line from these four different extensions regarding both the agglomeration mechanisms and the industrial environment variables, is that: (1) the results in table 4 and 6 from the preferred OP/KG TFP measure are definitively reinforced. (2) There is some indication for all agglomeration proxies, even those that have not been significant in the OP/KG case, but these findings do not appear stable. (3) Agglomeration externalities are more likely to be detected at narrow spatial units, i.e. rather at county than at labor market region level. (4) Industrial diversity is not associated with higher TFP in any of the regressions at county level, whereas industrial concentration and the size of a region are beneficial to plants. (5) Labor productivity is a imprecise measure and will thus overestimate the agglomeration economies. (6) Productivity estimates from value added and revenue production function are distinct and agglomeration effects from both measures should not be compared directly. Though, the qualitative conclusions in this study are almost equal. (7) The performance of the LP estimation method is very similar to the OP procedure both regarding the scale estimates and the inference on the agglomeration mechanisms, given that an identical sample is used.
Discussion
This section brings together studies, where both TFP and similar urbanization or localization economies are examined. The focus in this paper was on the estimation of pure TFP and the comparison of results from different TFP measures, correcting for the endogeneity of inputs, the selection of surviving plants and unobserved prices. The latter problem is not accounted for in prior studies. I have further shown how the inclusion of non-manufacturing industries and the delineation of spatial units affects the detection of agglomeration economies. The MAUP is also taken in up in Martin et al. (2011) , who conduct a thorough two-step estimation using VA TFP. The authors additionally include plant fixed effects and instrument the agglomeration variables with lagged values. In their estimation own-industry employment has an elasticity of almost 0.06, whereas size and diversity of the region are insignificant. Repeating the approach at a finer geographical level, surprisingly and in contrast to the present study, yields smaller and less significant coefficients. Confined by the relatively small sample size due to few observations per plant, I was not able to control sufficiently for unobserved plant heterogeneity and the endogeneity of agglomeration variables. However, as mentioned in subsection 3.2.4 concerning the agglomeration mechanisms, studies that control for these two potential sources of bias do not find crucial impacts 30 . Martin et al. (2011: 189) note that their result is "very close to the estimates in the existing literature". Another related study is Cingano and Schivardi (2004) , who estimate value added production functions and account for selection and endogeneity using the OP procedure. Conform to table 10 they find that the total absolute size of a city and the relative size of local industries exert a positive effect on TFP growth. Likewise, their diversity measure remains insignificant in all specifications. Guiso and Schivardi (2011) share the finding that the absolute number of workers in the own industry is hardly significant. The earliest study in line is Henderson (2003) , who spots the number of plants instead of employment concentration as the source of externalities. Nevertheless, localization economies are present under a variety of specifications, urbanization economies only in one subsample and Jacobs externalities are generally non-significant.
His analysis is based on two sectors only, limiting the generalizability.
Commonalities across studies in this field are also identified in the meta analysis of Beaudry and Schiffauerova (2009) . Large or medium sized geographical units, a broad level of industrial classification, and productivity as dependent variable make it more likely to detect localization rather than Jacobs economies. Even though the exact research design differs between all cited papers, in their light, the debate about localization versus urbanization economies does not seem that controversial anymore. Externalities from industrial diversity could have a larger spatial scope than localization economies. Thus, the smaller the geographical unit the more of the spillover stretches over its borderlines and remains undetected. This can be part of the story, as the aggregation to LMR has shown.
Secondly, the choice of industrial level could make a difference, when strong externalities are present between, e.g., similar 4-digit industries. While a broad classification scheme would attribute the spillover to specialization, a narrow level would indicate the presence of Jacobs externalities. Unfortunately, due to data limitations I was not able to pursue this issue further. Finally, industrial diversity might affect employment growth but not plant's productivity.
Conclusion
The present investigation demonstrates that it is possible to account for unobserved output prices and the endogeneity of input choices in the production function. Such a unbiased TFP measure was constructed, combining the methods in Olley and Pakes (1996) and Klette and Griliches (1996) , and applied for the first time in a spatial analysis. In contrast to TFP which contains price variation, based on the pure TFP, agglomeration economies have higher magnitude and significance. This observation accords with heterogeneous firms models, like Melitz (2003) , in that high productivity firms quote lower prices.
The main contribution of the paper is to examine the relative strength of microeconomic agglomeration channels on plant's TFP. Separately, each of the six variables for labor market pooling, input relations and knowledge spillovers shows some significant indication, whereas only three of them were still significant in multivariate estimations. The most important impact on plants' productivity was found to be transmitted via the labor market.
As predicted by matching models, plants in industries that have a similar occupational structure to the remainder plants in that county were on average more productive, due to more opportunities in finding suitable workers. Besides, the data revealed that public R&D funding to innovative projects exerted a positive productivity spillover to establishments in their vicinity. Another source of knowledge spillovers was found to operate through job changes of qualified workers. These three externalities proved stable to all robustness checks. Coefficients for input relations were positive and negative across the different specifications, but always close to zero. Patents applications also created oscillating results, and most plausibly they are not raising but rather lowering productivity.
Concerning the industrial environment, the underlying data confirms that plants are on average more productive in large counties. A 10% rise of employment in a county entails a 0.2% higher TFP. The study also supports the hypothesis that a specialized county structure is beneficial to plants. No evidence is found for Jacobs economies at the county level, yet at the larger labor market regions. Both results on agglomeration mechanisms and the industrial environment under the preferred specification are robust to the use of TFP measures from different estimation strategies. Some differences emerge regarding the size and significance level of the proxies. Especially estimates from value added productions functions and labor productivity are likely to result in inflated coefficients. Moreover, the results proved fairly stable to variations in the range of industries and the spatial unit of the investigation. By no means is this investigation exhaustive in the way agglomeration economies might be transmitted to firms. Different and more refined proxies can surely be constructed in richer datasets. Paying more attention to sectoral characteristics is also likely to disclose more about the nature of agglomeration economies.
A Details on estimation procedures
A.1 The Olley and Pakes (1996) procedure Following Olley and Pakes (1996) I introduce a model of firm behavior, which builds on the following assumptions 31 . Firm specific productivity follows an exogenous first order Markov process
where I t−1 is the information set in period t−1, f is a function that describes the conditional expectation of ω jt , and ξ jt is the innovation shock in the Markov process. Furthermore, there is a certain timing in the choice of input factors. Labor and material are non-dynamic inputs, i.e. they are chosen in the beginning of the actual period. Capital evolves according to the investments I jt−1 32 taken in the preceding period and the existing capital stock in t − 1 less of depreciation
where δ jt−1 is the firm specific depreciation rate. Next, a Bellman function can be set up and solved, cf. Olley and Pakes (1996) for details. This yields two important equations.
Firstly, an exit rule, predicting that a firm will continue its operation (χ jt = 1), if the current productivity is above a certain threshold.
Given that the profit function is increasing in capital, this firm specific thresholdω t (k jt , G c t ) is negatively correlated with capital. In other words, from two firms which face the same productivity shock ω jt , the one with the greater capital stock is less likely forced out of the market 33 . From now on, productivity and the productivity threshold are allowed to be influenced by other factors in a region c, summarized in G c t . In doing so, I depart from the original OP framework, because the main point of the present paper is to investigate the regional drivers of productivity. Secondly an investment demand equation
) is derived from the solution of the Markov perfect Nash equilibrium of the underlying OP model, as stated in the main text. Given that investment demand is monotonic in ω jt and the regional factors are known exogenous state variables, inversion
. The upper panel in figure A .1 provides a graphical assessment for the latter assumption.
The figure plots investments against a third order polynomial in k jt and TFP (from the 31 The exhibition here also draws on Ackerberg et al. (2007) . 32 Note that large case letters denote variables in levels and lower case letters always denote log variables here, e.g. log(Ijt) = ijt.
33 The dataset lends support to this assumption. When the sample is split up into firms that survive and those that exit the market, the latter group has on average a lower capital stock, both in time average and especially in the last period prior to exit. However, exiting firms only comprise about 4% of all firms, which is why the selection bias will presumably be small. preferred OP/KG estimation). The surface is increasing in the productivity axis and only slightly decreasing at the upper end, suggesting that the invertability condition is likely to be satisfied. This function h t (k jt , i jt , G c t ) is finally the control function that will be used to replace unobserved productivity in the production function.
h t is still an unknown function but in known variables. It is possible to approximate this function by a polynomial in k jt , i jt , G c t . Due to multicollinearity problems with this polynomial, β 0 and α k can not be identified 34 . Estimation of the production function is therefore divided into two stages.
is the first stage estimating equation yielding the coefficientsσ s ,ˆ α l andˆ α m . The unknown
is approximated by a second order polynomial. With the estimatesσ s ,ˆ α l andˆ α m at hand, the production function can be rewritten 
Because firms have knowledge about ω jt−1 , but do not expect the innovation shock ξ jt , the choice of k jt , which is completely determined in t − 1, can not be correlated with the unobserved ξ jt . That is, the following moment condition holds:
Yet, a third problem troubles the consistent identification of the capital coefficient, as inspection of (A.3) makes clear. We argued above that the productivity thresholdω t is falling in k jt . In unbalanced panel data sets selection will therefore lead to a negative correlation between productivity and the capital stock of firms remaining in the panel. This selection bias can be controlled for, by taking the conditional expectation of the production function in equation (A.6) on being in the market in period t and the information firms
In the second line the exit condition from (A.3) is made explicit, and the third line follows from the law of motion of ω jt and the definition of conditional expectation for a continuous variable. The survival probability P r jt = Pr(χ jt = 1|I t−1 ) can be written as
This transformation uses equation (A.2), but it also implies that the regional characteristics G c t are temporally autocorrelated. P r jt is estimated in a separate Probit Model, where the unknown function ϕ t is approximated by a second order polynomial in its arguments.
Inversion of equation (A.7) givesω t = ϕ −1 (ω jt−1 , P r jt ), provided that the density of ω jt conditional on I t−1 is positive around the valueω t . This inverted function is used modified productivity process respecting market selection
Identification of k jt is based on the moment condition E[ξ jt |k jt ] = 0 derived above. The consequence of controlling for selection is that candidate values for ξ jt are taken from nonparametrical regression of ω jt ( α k ) on ω jt−1 ( α k ) and P r jt , where the estimatesω jt ( α k ) = φ jt−1 − α k k jt−1 are available from the first stage estimation. Though the derivation is cumbersome, the intuition behind the adjustment for the selection bias is quite clear:
To control for endogenous market selection of firms with low capital stock, the survival probability has to enter the identification equation. Essentially, the second stage is the minimization of the sample analogue to the above population moment
which finally allows to computeâ jt as described in the main text.
A.2 The Levinsohn and Petrin (2003) procedure
In the same way as before the LP strategy is combined with the specific demand system in equation (3). The new inverted control function h t (m jt , kjt, G c t ) now depends on m jt hindering the identification of α m in the first stage. To be more precise, the first and second stage estimation for the LP/KG estimation are
Regarding the second stage estimation, recall that the innovation shock ξ jt to productivity evolves during t and t − 1 and is correlated with the choice of M at t. Therefore the identification of α m is based on a moment condition with lagged intermediate inputs.
Note, that I also include lagged capital as an additional moment, because it increases the efficiency substantially. Here, an estimate for the innovation shock ξ jt is residually computed from non-parametric regression of ω jt ( α k , α m ) on ω jt−1 ( α k , α m ) 35 . In doing so,
35 Here (and in the following ACF/KG estimation) the adjustment for the selection bias is omitted for the following reasons. Firstly, the empirical importance of the selection bias in this dataset is low. This finding has already be made in the studies of Olley and Pakes (1996) and Levinsohn and Petrin (2003) . Secondly, the survival probability under the ACF correction would be dependent on all three lagged inputs, lagged agglomeration variables and ljt and mjt, due to their occurrence in the control function. Hence the sample size is reduced by one period, perturbating the comparisons with the results from the other estimation procedures.
A.3 The Ackerberg et al. (2006) procedure
The fundamental difference in the estimation proposed by Ackerberg et al. (2006) is that labor and material input are now decided in t − b, where b ∈ [0, 1]. That is, they are neither perfectly variable inputs nor as deterministic as the choice of capital. The crucial implication is, that thereby labor and materials become part of the plant's investment decision (still made in t) i jt = i t (k jt , l jt , m jt , ω jt (G c t )). Proceeding as in the OP/KG case gives the following first stage production function, where neither scale elasticity is identified.
Still, this stage is necessary to identify estimates for φ t , σ and ζ. Even under the new timing assumptions, ξ jt will partly be correlated with the input choice of L and M at t − b.
Nonetheless the following moment conditions hold Unfortunately, no balance sheet information about the value of capital is reported in the IABB. Therefore, the capital variable is constructed from plant investment behavior employing the modified perpetual inventory method according to Müller (2008) . His approach differs from the usual perpetual inventory method (PIM) in the construction of the starting value. At first, one has to calculate average economic lives of the industry level capital stock from the national accounts 36 . The modified PIM proceeds with two assumptions: (1) the depreciation rate δ s t is linear, i.e. it is equal to the reciprocal of the average economic live of the capital stock. (2) All plants within an industry share the same depreciation rate. The latter assumption is necessary, because the observation period of plants in the IABB is not long enough to derive reasonable depreciation rates from their reported investment behavior. Another reason is that the type but not the amount for each type of investment is reported. A starting value for the modified PIM is approximated by the time-mean of replacement investments over the industry specific depreciation rate. In all subsequent periods the usual perpetual inventory method is applied according to equation (A.2) assumed in the Olley and Pakes (1996) model. The only difference lies in the industry specific depreciation rate δ s t . Difficulties in the application of the PIM arise, when changes in plant size occur. The IABB questionnaire asks each plant, if it sold, spun off or shut down parts of the plant, or if the plant integrated new parts. Clearly, these changes have implications for the capital stock of the plant. For some plant that has just sold a part of its assets, the PIM will overstate its capital value in the following periods. Therefore, whenever such change occurred, the plant is treated as a new plant that has just entered the panel, and the PIM is restarted 37 . To make sure that the observation periods do not become very shot, all plants with two or more organizational changes are excluded from the sample. For the proper application of the PIM establishments with less than three valid observations are also dropped.
Another difficulty arises from the industrial classification systems in Germany. Since the first IABB survey in 1993, the official industrial classification (WZ) from the German Federal Statistical Office (FSO) has changed in 1993 and 2003. However, the IABB has been using two distinct classification schemes. One of them is composed of the 17 industries from the stratification matrix mentioned above. The other one appears in the 36 The values for average economic lives of the equipments (12 years) and buildings (58 years) are adopted from Wagner (2010) . 37 In this adjustment I depart from the modified PIM outlined in Müller (2008) . 38 The German WZ2003 classification is based on the European general classification of economic activities NACE (NACE) Rev. 1.1. 39 The IABB sample provides cross sectional and longitudinal weighting factors for all plants with valid observations. These weighting factors are computed in a manner that allows inference to the population. Projections are valid in the two dimensions of the stratification matrix: industries and classes of plant size (Fischer et al. 2009 ). Luckily the five industries without total sales accord with the industries in the stratification matrix. Only for the construction industry this was not exactly the case. In the 41 questionnaire industries it is partitioned into main construction trade and construction installation. For the main construction trade aggregate information on total sales is given, so that revenue in the construction installation is residually computed. 
